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Abstract—Collaborative beamforming with finite number of
collaborating nodes produces sidelobes that depend on the nodes’
arrangement. Sidelobes cause interference when they occur at
the directions of unintended receivers and thus reduce the trans-
mission rate at these receivers. Peak sidelobe minimization does
not effectively minimize the overall sidelobe of a beampattern
formed by collaborative beamforming. Two main contributions
are highlighted in this paper. First, we proposed a new fitness
function based on directivity instead of the conventional peak
sidelobe. Second, we applied the genetic algorithm (GA) to
reduce the sidelobe in collaborative beamforming. This proposed
solution is implemented without any feedback from the unin-
tended receiver(s). In the light of reduced sidelobe, we recorded
the resultant capacity and calculated its improvement. Results
showing up to 14% of capacity improvement, proving the efficacy
of the proposed methodologies: the GA and the new fitness
function.
Keywords—beampattern optimization; collaborative beamform-
ing; genetic algorithm; capacity analysis
I. INTRODUCTION
Collaborative beamforming (CB) has been receiving favor-
able attention in the research community ever since the dis-
tributed antenna system was identified as a promising prospect
in the 5G standard [1]. In CB, decentralized nodes act as a
distributed transmit antenna array and adjust the initial phases
of their carriers to form a beam collaboratively towards an
intended receiver [2, 3].
The random placement of the collaborating nodes in CB
results in high and asymmetrical sidelobes in its beampattern
[3, 4]. High sidelobe is undesirable in a beamformer as it will
cause interferences to unintended receivers and reduces the
capacity of the network. A common solution to this problem
is the use of peak sidelobe (PSL) minimization technique [5].
However, it is shown in [6] that minimizing PSL alone does
not guarantee overall sidelobe reduction in the beampattern of
a random antenna array such as collaborative beamforming.
Furthermore, previous research focused only on the beam-
pattern analysis and do not investigate the impact of the
sidelobe reduction in terms of network capacity. The sig-
nificance of sidelobe control in improving the transmission
rate of a network has been investigated in [7]. However, it
was assumed that the collaborating nodes (CNs) have full
knowledge of the unintended receivers’ location and are able
to receive feedbacks from these receivers. The function of the
proposed algorithm in [7] is to create nulls in certain directions
rather than overall sidelobe reduction in the CB beampattern.
Moreover, the proposed node selection algorithm to form the
nulls is feasible only when a large number of nodes is available
for collaboration.
Therefore, this paper proposes a new directivity based
fitness function for weight optimization to reduce sidelobes
in CB, with no knowledge and feedback from unintended
receivers in a network. The proposed method can be utilized in
both small number and large number of CNs. The probability
of interference rejection and capacity improvement at the
unintended receivers are analyzed. A Genetic algorithm (GA)
is used to perform the optimization in all cases.
II. SYSTEM MODEL
A. Array Factor of Collaborative Beamforming
Consider a total of N collaborating nodes, noted as C =
{cn, n = 1, 2, . . . , N}, distributed randomly within a cluster
with radius of R meters on a two dimensional plane as shown
in Fig. 1. One of the collaborating nodes is selected as the
cluster head and becomes the reference point to all other
nodes. Hence, the cluster head is treated as the origin, with
a polar coordinate (0, 0). Therefore, the nth node from the
pool of collaborating nodes, located rn meters away from the
cluster head at an angle ψn radians has a polar coordinate
of (rn, ψn). Receiver nodes are positioned at locations far
from the cluster of collaborating nodes such that far field
can be assumed. When there are L intended receivers and
K unintended receivers, the receiver nodes can be denoted
as D = Di ∪Du, where Di =
{
dil, l = 1, 2, . . . , L
}
is a set
of intended receivers and Du = {duk , k = 1, 2, . . . ,K} is a set
of unintended receivers. The polar coordinate of a receiver, d
is referenced to the cluster head as (Ad, φd).
In this paper, only single link communications are consid-
ered, thus L = 1. Thus, the array factor (AF) of N nodes
collaboratively beamforming with a carrier wavelength of λ
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Fig. 1. Array geometry of collaborative beamforming.
where βn(θ) = cos(θ − ψn) and ψn is the phase delay due
to the propagation from node cn to the far field point of the
receiver [3]. The coefficient αn is the initial phase of a nth
collaborating node. In a closed-loop scenario, αn is chosen to
compensate the phase offset between a collaborating node and
the intended receiver. Therefore, αn = cos(φdi − ψn).
B. Received SNR in Collaborative Beamforming
Assuming that each collaborating node transmits a common
data symbol, x using an isotropic reciprocal antenna with a
power, Pn, the corresponding received baseband signal, y at a







where w ∼ CN (0, σw2) is additive white Gaussian noise
(AWGN) and hdn is the channel coefficient between the n
th
node and the receiver. The channel coefficient is a product of
the fading effect, adn and the attenuation effect, bdn due to the
propagation distance between cn and d. Thus hdn = adn · bdn .
At the direction of the intended receiver, φd = φdi , leading
to αn−βn(φd) = 0, therefore the signal- to - noise ratio (SNR)





where ξ = {
√
Pn, n = 1, 2, . . . , N} is the energy set of every
collaborating node.
III. SIDELOBE REDUCTION VIA DIRECTIVITY
OPTIMIZATION IN COLLABORATIVE BEAMFORMING
The analysis and design of CB beampattern are non-
linear and non-convex since its array factor depends on the
collaborating nodes’ position and initial phases, that are both
random. Hence, standard convex optimization tool cannot be
implemented to achieve the globally optimum beampattern
with reduced sidelobe [8]. In this paper, the use of metaheuris-
tic optimization method, namely genetic algorithm (GA) is
proposed to find the globally optimum solution to the proposed
objective function.
It is assumed that the location of the collaborating nodes
are static, and all the nodes are aware of each others’ position.
The optimization model proposed in this paper is solved during
the network deployment stage [7]. The optimization process is
performed by the node that is chosen as the cluster head. The
network is periodically monitored, and changes in the network
configuration will require a reconfiguration of the optimization.
A. Synthesis of the Proposed Objective Function
Beampattern is the power distribution of a beamformer
obtained through the pattern multiplication of every element
factor to the array factor of the collaborating nodes’ antenna.
Since it assumed that identical isotropic antenna elements were
used in all the collaborating nodes, the element factor for all











The goal of the optimization in this paper is to choose the
best values of the energy at each collaborating node such that
the collaborative beamformer produces a beampattern that has
maximum power pointed towards the intended direction, φdi ,
while maintaining low power in all other directions.







where f(ξ) is the objective function, g(ξ) is the constraint
function and the input energy at all nodes ξ = {
√
Pn, n =
1, 2, . . . N} is the decision variable with the search space [0, 1].
Since the optimization task is sidelobe minimization, the
usual approach adopted would be to minimize the peak side-
lobe level (PSL) [5, 9], hence, the objective function used
would be
fPSL(ξ) = max|B(ξ, θ)|; θ 6= φdi (6)
However, since collaborative beamforming is usually a random
array, minimizing the PSL results in increased width in the
main lobe [6]. In such cases, if an undesired receiver is located
at a plane angle close to the desired receiver, the possibility
of interference in the undesired direction is very high. Fur-
thermore, there is a possibility that the optimized beampattern
achieves low PSL but end up with higher sidelobes at other
positions.
Therefore, instead of resorting to minimizing only the PSL,
this paper proposes to maximize the directivity, D of the
beampattern to achieve lower overall sidelobes. Directivity
characterizes the amount of energy that is concentrated in the
desired receiver’s direction, and a higher directivity signifies
that the average energy at plane angles other than the desired
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receiver’s direction is kept to the minimum. Based on the for-








Since the directivity has to be maximized to obtain lower
overall sidelobes, the minimization problem in Eq. (5) is mod-
ified into a maximization problem by negating the proposed
objective, hence fD(ξ) = −D(ξ).
In order to ensure that the received symbol is decoded
correctly at the intended receiver di, the SNR at θ = φdi ,
SNRdi(ξ, φdi) must be higher than the receiver’s threshold
SNR, SNRthr. Therefore, the constraint function in Eq. (5)
is g(ξ) = SNRdi(ξ, φdi) ≥ SNRthr.
B. Genetic Algorithm
In this paper, the genetic algorithm (GA) is applied to solve
the optimization problem in Section III-A. Works in [10, 11]
utilized this mechanism to approach the resource allocation
problem in OFDMA system. First, M parent populations,
uniformly distributed in the parameter space ξ ∈ [0, 1]are
initialized. The parent population is tested for its fitness
function according to Eq. (5). The parent population is then
sorted according to the value of its fitness function and a
fraction of these parents are selected using rank selection.
Child population is selected from the parent population and
is subjected to mutation with the rate of µ. The selected
child population is promoted as the parent population for
the next generation. When the number of generations reaches
the maximum specified generations, g, the optimization is
terminated. For the optimization in this paper, the parameters
g = 100, M = 20, and µ = 0.1 are applied. The complexity of
the algorithm is O(MN) and since M is fixed, the complexity
only increases linearly with the number of collaborating nodes.
It has to be highlighted that though the GA is used as
the optimization algorithm in this paper, any other suitable
optimization method can be applied to solve the proposed
optimization problem, according to the limitations of the sys-
tem. For further reading on the operations of the GA or other
metaheuristic algorithms, as well as the choice of parameters,
readers may refer to [12].
IV. CCDF, SINR AND CAPACITY AT AN UNINTENDED
RECEIVER
The communication between the collaborating nodes and
the intended receiver di will cause interference at the un-
intended receiver(s) duk if the power from the cluster of
nodes performing collaborative beamforming exceeds the
interference-to-noise ratio (INR) threshold, INRthr of the
unintended receiver(s).
The complementary cumulative distribution function
(CCDF) of the interference at an unintended receiver is the
probability of the power from the collaborative beamforming at
the direction of an unintended receiver exceeding the INRthr,
where duk can be located at φduk ∈ [−π, π];φduk 6= φdi [7]. In
this paper, the effect of the collaborative beampattern’s power
on all the unintended receivers is analyzed using the CCDF












A CCDF=1 in this case signifies that interference occurs
on all unintended receivers whereas CCDF=0 signifies that
interference does not occur on at least one of the unintended
receiver.
To gauge the capacity improvement at the unintended
receivers, the channel effect should also be considered. A
near ground WSN application is considered. Therefore, a
time-invariant channel with predominantly large-scale fading is
assumed [7]. Hence, a lognormal distributed random variable
is assumed for the channel, adn ∼ exp[N(0, σ2)], where
σ2 = 0.5. Since the distance between the collaborating nodes
and the receiver is far greater than the distance between the
collaborating nodes, it can be assumed the path loss component
is the same for all the nodes such that bdn = bD = 1 for
n = {1, 2, . . . N}.
The corresponding transmission rate at an unintended re-
ceiver can be calculated if the input SNR at that receiver is
known. Provided that the receiver receives a useful signal at
the power γ2, the SNR is γ2/σw2 . If the communication is



















With the SINR information, the capacity, C at the unintended
receiver can be calculated by
C = log2 {1 + SINR} (11)
V. SIMULATION RESULTS AND DISCUSSIONS
Simulations results presented in this section are performed
with the aid of MATLAB R© software. All angular directions
are mentioned in degree (◦), whereas the radius of the collab-
orating nodes’ cluster, R, is normalized so that R̃ = R/λ.
Fig. 2 shows a sample radiation pattern in collaborative
beamforming for three scenarios: without any beampattern
optimization, with beampattern optimization using fPSL and
the proposed beampattern optimization using fD. The beam-
patterns in Fig. 2 are obtained for a node distribution of
N = 128, R̃ = 2. The position of the intended receiver,
φdi1 = 0
◦. Let the number of far field unintended receivers,
K = 3. The first unintended receiver, du1 is located at the
position where the peak sidelobe occurs, φdu1 = 40
◦. The
power of the interference at unintended receiver du1 is reduced
from the original value −11.42 dB to −15.71 dB with the use
of the proposed fD and to −20.65 dB by using the fPSL.
Since φdu1 is the location of the peak sidelobe, it is natural
that the beampattern obtained using the fPSL minimization
cost function provides 5dB lower interference power compared
to the proposed method.
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Fig. 2. Beampattern comparison for N = 128, R̃ = 2: The intended receiver
is located at 0◦ and three unintended receiver is located at 40◦, −20◦ and
−63◦.
The second unintended receiver, du2 is located very close
to the intended receiver, at φdu2 = −20
◦. An improvement
of 17.2 dB in interference power is seen at the unintended
receiver when the proposed fD is employed. Using the cost
function fPSL, on the other hand, provides no improvement
at this position.
The final unintended receiver, du3 is placed a little further
from the main lobe, at φdu2 = −63
◦. At this receiver, the re-
ceived interference power is −23.32 dB when no optimization
is attempted. Since the fPSL only focuses on minimizing the



























































































Fig. 3. The CCDF of the INRthr at the unintended receiver(s): (a) only one
unintended receiver, (b)four unintended receivers.
peak sidelobe, the location du3 was neglected, and the inter-
ference increased by 3.5 dB. The proposed directivity based
cost function successfully reduced the interference power by
3.2 dB. This proves that the PSL minimization based cost
function is only effective in reducing the power at the peak
sidelobe and does not guarantee lower power at all other
locations.
Fig. 3 shows the CCDF for INRthr between a range of
−40dB to 5dB. For simplicity, it is assumed that the INRthr at
all unintended receiver is the same. Two scenarios are consid-
ered. In the first scenario, only one unintended receiver exists
at a random location φdu1 whereas, in the second scenario,
four unintended receivers, K = 4 exist at four random and
independent locations. Two node distributions are considered
in both scenarios: N = 128, R̃ = 2 and N = 16, R̃ = 1.
Perfect channel conditions are assumed, where there is no
similar path loss, and no small or large scale fading, hence,
hdn = 1.









The CCDF for the first scenario, as illustrated in Fig. 3(a)
shows that proposed optimization method improves the CCDF
(the probability of interference). It can be seen that for the
node distribution N = 128, R̃ = 2, using the proposed
fD optimization reduces the probability of an interference
from 0.41 to 0.31 at INRthr = 10 dB compared to when no
optimization is implemented. Similar improvement is also seen
for N = 16, R̃ = 1, where the CCDF is reduced from 0.15 to
0.06 when INRthr = 10 dB.





























































Fig. 4. The average transmission rate at the unintended receiver, with and
without weight selection; under perfect channel and shadowing effects.
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Fig. 3(b) depicts the CCDF when there are four inde-
pendently located unintended receivers. The CCDF for the
collaborative node distribution N = 128, R̃ = 2, is lower
compared to N = 16, R̃ = 1. This is because the sidelobe
level is naturally lower when N is larger [3]. It can be seen
that for both node distributions, the proposed method has lower
CCDF compared to the CCDF where there is no optimization.
The improvement in terms capacity at an unintended re-
ceiver is analyzed within the interference limited input SNR
range (0 to 40 dB), as shown in Fig. 4. The average trans-
mission rate at the unintended receiver, with and without the
proposed optimization, and under both perfect channel and
shadowing effects are depicted. The capacity in the presence of
shadowing for N = 16, R̃ = 1 improves from 3.248 bits/sec
to 3.727 bits/ sec when the proposed fD based optimization
is applied to the collaborative beamforming. Similarly, at
N = 128, R̃ = 2 the capacity at the unintended receiver
improves from 5.542 bits/sec to 6.350 bits/sec. A consistent
improvement in capacity of 10% to 14% is recorded for both
cases when the input SNR range at the unintended receiver
ranges from 5 to 40 dB.
VI. CONCLUSION
This paper proposed the use of a new directivity based
fitness function formulation for the sidelobe reduction in
collaborative beamforming when the position of unintended
receiver is unknown to the collaborating nodes. Having had ap-
plied the well-known global optimizer−GA, feasible solutions
are obtained; the reduced sidelobes were clearly observed.
And to our encouragement, we obtained improved transmission
rates at the unintended receivers, with the calculated 14% for
the overall capacity improvement.
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